Key demographic variables, such as the number of children and the number of marriages or divorces, can only take integer values. This papers deals with the estimation of single equation models in which the counts are regressed on a set of observed individual characteristics such as age, gender, or nationality. Most empirical work in population economics has neglected the fact that the dependent variable is a nonnegative integer. In the few cases where this feature was recognized, the authors advocated the use of the Poisson regression model. The Poisson model imposes, however, the equality of conditional mean and variance, a restriction which is often rejected by the data. We propose a generalized event count model to simultaneously allow for a wide class of count data models and account for over-and underdispersion. This model is successfully applied to German data on fertility, divorces and mobility. Abstract Key demographic variables, such as the number of children and the number of marriages or divorces, can only take integer values. This papers deals with the estimation of single equation models in which the counts are regressed on a set of observed individual characteristics such as age, gender, or nationality. Most empirical work in population economics has neglected the fact that the dependent variable is a nonnegative integer. In the few cases where this feature was recognized, the authors advocated the use of the Poisson regression model. The Poisson model imposes, however, the equality of conditional mean and variance, a restriction which is often rejected by the data. We propose a generalized event count model to simultaneously allow for a wide class of count data models and account for over-and underdispersion. This model is successfully applied to German data on fertility, divorces and mobility.
Introduction
Demographic count data typically occur in the analysis of life-cycle events, e.g. the number of children a woman has ever born, the number of marriages or the number of divorces, all of which are nonnegative integers. This paper addresses the issue of how to model the influence of covariates like education, age, nationality or gender.
Four different approaches can be found in the literature. The first is to assume a linear relationship between the count data and the covariates and to apply ordinary least squares (OLS, e. g. Willis 1974 , Boulier and Rosenzweig 1984 , Boulier and Mankiw 1986 , Peters 1986 , Behrman and Taubman 1989 , Schultz 1990 . Most of this literature studies fertility measured by number of children.) It was then realized that the range of the dependent variable is constrained in some way which violates model assumptions, in particular those for the error term in the equation. The second approach uses the Tobit model which accounts for the fact that the dependent variable is non-negative (e. g. contributions by Carliner, Robinson and Tomes 1980, Lehrer and Nerlove 1981 for fertility). The third line of research accounts for the discreteness of the data by employing probability models like the logistic models, binary logit or probit and their ordinal extensions. Examples here are Becker, Landes and Michael (1977) for marriages, and Carliner, Robinson and Tomes (1980) , Rosenzweig and Wolpin (1980) , Robinson and Tomes (1982) , and Danziger and Neuman (1989) for fertility.
We will discuss the fourth possibility for modeling life cycle events, a stochastic specification that explicitly acknowledges the nature of the dependent variable. A genuine statistical model for counts is the Poisson regression model. It is described in the context of generalized linear models by McCullagh and Nelder (1989) . Cameron and Trivedi (1986) give an excellent survey of econometric applications, and Trussell and Rodriguez (1990) discuss applications in demography. Both Broström (1985) and Rodriguez and Cleland (1988) use the Poisson regression to model marital fertility. These studies have in common with most of the econometric applications that the conditional mean of the count given the covariates is specified in a log-linear manner. In the terminology of generalized linear models, the model consists of (1) the stochastic assumption that the individual counts Y are Poisson distributed with mean µ, (2) a logarithmic link function log(µ) = η, where µ is the conditional mean, and (3) a linear predictor η = Xβ.
The merits of this stochastic specification are manifold. It captures the discrete and nonnegative nature of the data, and allows inference to be drawn on the probability of event occurence. It takes naturally account of the heteroscedastic and skewed distribution inherent to nonnegative data. The more the mode of the dependent variable approaches the lower bound of the admissable values the more relevant this becomes, as is often the case for demographic data. Finally, the Poisson model has a simple structure and can easily be estimated.
The most serious weakness of the Poisson model is the imposed equality of conditional mean and variance of the dependent variable (equidispersion). Several procedures to test for overdispersion can be found in the literature (Lee 1986 , Cameron and Trivedi 1986 , 1990 , Dean and Lawless 1989 . Violations of equidispersion have effects similar to violations of heteroscedasticity in the linear regression model: The coefficients can still be estimated consistently, but inference based on the estimated standard errors is no longer valid. In particular, overdispersion leads to a downward bias of the estimated standard errors and underdispersion to an upward bias.
The main objective of this paper will be to present a parametric generalization that relaxes this restriction and to demonstrate its relevance for a proper analysis of demographic data. A flexible model allowing for any linear variance-mean relationship, the generalized event count model (GEC), was introduced by King (1989) . It contains the Poisson model as a special case and allows for over-as well as for underdispersion. A pretest is avoided and the variance-mean relation is estimated simultaneously with the coefficients. We further extend the GEC by introducing an additional parameter k that allows for nonlinear variance-mean relationships (GEC k ). The GEC k nests the Poisson model as well as two parametrizations of the negative binomial model that have found previous attention.
The proposed methodology is an alternative to recent developments of semi-parametric models that also avoid the restrictive variance assumption of the Poisson model. The quasi-likelihood approach Trognon 1984, McCullagh and Nelder 1989) specifies only the mean regression function and/or the variance function, and is therefore relatively robust with respect to distributional assumptions. Asymptotically correct standard errors can be found. The gain of robustness, however, has to be traded for a loss in efficiency, if the true data generation process is within the GEC k -family, as well as as for the possibility to predict probabilities of single outcomes.
We apply the GEC k to the study of three types of German demographic data sets, completed fertility, frequency of divorce and labor mobility, which exhibit conditional mean-variance relationships of greater than 1, equal to 1 and smaller than 1. Whereas the first two types of problems are at the heart of demography, the issue of labor mobility stems from economic demography (see Yaukey 1985, p. 10) .
The economic theory of the family of Becker (1981) explains fertility differentials primarily by differences in family income and female wage, whereas Easterlin (1987) gives weight to endogenous intergenerational taste formation allowing parents' income to affect current generations fertility decisions. The economic theory of marriage and divorce (see Becker 1981 ) models a partnership as a long-term efficient match between two individuals.
If the expected gains from a marriage exceed the expected losses from a potential future divorce, the marriage will occur. If time goes on, new information about the value of the partnership as well as about its alternatives and the value of market opportunities may alter the evaluation and result in a divorce. McLaughlin (1991) has recently applied this approach to the labor turnover issue between firms and workers, to the efficient turnover model, which predicts that individuals with better labor market opportunities are less likely to move and have lower labor mobility.
The paper is organized as follows: Section 2 gives an overview of count data models and an evaluation of their usefulness. Section 3 presents the data and basic hypotheses which will be tested within three distinct frameworks for demographic data. Results show that the GEC k is a useful general framework, because Poisson models underestimate the significance of parameters in case of underdispersion and overestimate it in case of overdispersion.
Methods

Poisson model
A count process {Y t , t ∈ R + }, where Y t is the number of events that have occurred before time t, is called a Poisson process, if the probability of a single occurence during a brief time interval is proportional to its duration and if the occurences in two non-overlapping intervals are independent. For a unit period and for individual i, the Poisson distribution with probability function
results. λ i is the intensity of the process and systematic variation is introduced like in a log-linear model: 
If the data are overdispersed, fitting a Poisson model will yield a downward bias in the estimated covariance matrix, with the asymptotic standard errors being too small and thus resulting in overstated significance levels. The converse is true if the data are underdispersed, i.e. if the conditional variance is smaller than the conditional mean. The estimated standard errors of the Poisson model will be too large. (Winkelmann and Zimmermann (1992) give a formal proof.) In both cases though, the coefficients of the mean function are still estimated consistently as long as the mean function is correctly specified. (Gourieroux, Monfort and Trognon 1984a) .
To understand the possible sources of deviations from equidispersion, it is instructive to reformulate the underlying assumptions of the Poisson process in terms of the hazard rate. The count process {Y t , t R + } can be characterized by the sequence T y , y N , the waiting time between two consecutive events y and y + 1. Setting y = 0, f (0, t) gives the probability that no event has occured up to time t. If the assumptions of the Poisson process are fulfilled, the distribution of the waiting time t until the first event has an exponential distribution and, therefore, a constant hazard rate λ. The crucial assumptions of constant hazard (homogeneity) and of independence between consecutive events are likely to be violated in applications to demographic data. Peters (1988) uses the Weibull distribution to estimate the transition from marriage to first divorce and from first divorce to remarriage. In both cases, she rejects the hypotheses of a constant hazard and finds a positive dependency of the hazard rate on duration. Other studies did reject the constant hazard model and consequently the Poisson assumptions as well (see e.g. Newman and McCulloch 1984) .
In the same way, the probabilities of the occurences are not independent, as both positive and negative contagion are possible. In the context of duration models, this form of dynamic interdependency is called occurrence dependence (Heckman and Borjas 1980) . Having a child today may make it more or less likely to have another in the near future, depending on the desired complete fertility. Since negative contagion leads to underdispersion and positive contagion and heterogeneity to overdispersion, the overall effect is not clear and we would like to "let the data speak" and not to impose a-priori restrictions.
Thus we would like to have a variance-mean relationship that allows for both overand underdispersion. One possibility is to set
where σ 2 is the dispersion parameter and k the non-linearity parameter. We will assume that both are scalars though more general formulations are possible. σ 2 = 1 is the Poisson case with equidispersion, σ 2 > 1 implies overdispersion, 0 < σ
treated by King (1989) . Figure 1 shows the variance-mean ratio as a function of the mean for different values of k. It demonstrates that substantial flexibility can be gained by varying k. Imposing a specific value for k, as is done in the literature, may lead to the wrong model in many data situations with the potential of false conclusions.
In the following we demonstrate, how β, σ 2 and k can be estimated using a parametric distribution function. We start with a review of the negative binomial model, which is often used to model overdispersion (See Cameron and Trivedi 1986 ). Then we introduce the generalized event count model which can account for both over-and underdispersion and allows for any variance-mean relationship of the form (2). 1 We generalize the contribution by King (1989) treating k as an continuous parameter to allow for more flexibility.
(See also Winkelmann and Zimmermann (1991) .)
1 There are alternative ways to model both over-and underdispersion that are not further pursued here. Mullahy (1986) proposes a hurdle-Poisson model that uses a binary probability model to determine whether the count variable is zero or positive. For positive realizations, the conditional distribution is then given by a truncated-at-zero Poisson distribution. This model produces over-and underdispersion depending on the ratio of the probability to cross the hurdle and the sum of the probabilities of strictly positive outcomes, which is one in the normal Poisson case but may be greater or smaller than one in the hurdle model.
Negative binomial model
The Poisson regression as presented above states that individuals with identical covariates have the same expected count λ i . They are heterogeneous only with respect to observed characteristics. Now, consider the case of additional unobserved heterogeneity. Let
where the error i captures unobserved heterogeneity.λ i itself is now a random variable.
whereas the marginal distribution for y i is obtained by integrating the joint distribution overλ i . Ifλ i follows a gamma distribution with parameters α and θ the integration is easy to perform and results in a closed form, the negative binomial distribution:
The variance exceeds the mean, i.e. the negative binomial distribution exhibits overdispersion relative to the Poisson distribution. Several possibilities to parameterize (5) in terms of covariates exist. Setting α = exp(
the mean-variance relation (2) is obtained.
2 Using this parameterization and the recursive property of the gamma function Γ(x) = (x − 1) Γ(x − 1), (5) can be rewritten as
for y i = 1, 2, . . .
2 The models Cameron and Trivedi (1986) with
Given an independent sample, estimation with maximum likelihood is again straightforward. Since lim σ 2 →1 C i = e −λ i , it follows that the negative binomial probability function converges to the Poisson probability function for σ 2 → 1. This means that the negative binomial and the Poisson model are nested. Since the relevant restriction lies on the boundary of the parameter space, the usual large sample theory which justifies t-tests and likelihood ratio tests is not applicable. Chernoff (1954) shows that under H 0 , the likelihood ratio statistic has a distribution with probability mass of 0.5 at 0 and a 0.5χ
distribution for positive values.
A major drawback of this approach is, however, that it is limited to the case of overdispersion. Underdispersion cannot be modelled within this framework, calling for the development of a less restrictive alternative.
Generalized event count model
We develop the GEC k along the lines of King (1989) . The derivation is based on a result in theoretical statistics that binomial, Poisson and negative binomial distributions are members of the Katz family defined by a recursive formula for the probabilities p (y):
This family contains the Poisson (γ = 0), the negative binomial (0 < γ < 1) and the binomial (γ < 0) distributions. The mean is given by ω/(1 − γ) and the variance by
gives again the variance-mean relation (2) 3 . Replacing y by (y − 1), (7) translates into 3 In the following, we make use of the continuous parameter binomial distribution as defined in King (1989) , which allows the parameter n to take any non-negative value. Then for γ < 0, y ∼ B(n, p) with
See also Johnson and Kotz (1969, p.41) .
This recursive relation can also be written in the following form:
To determine f (0|λ i , σ 2 , k), one can use the fact that the probabilities have to sum up to one. The complete distribution is then given by:
where
and y i ≤ int*(ν i ) 0 otherwise
and int*(y) =    int(y)+1 for int(y)<y y for int(y)=y .
The log-likelihood takes the following form:
The maximizing values for β, σ 2 and k can be found by using a numerical optimization algorithm. Obviously, this algorithm has to take into account the restriction of the parameter space in the situation of underdispersion. Using own procedures written in GAUSS, there were no problems with convergence.
The hypothesis that the data are Poisson distributed can be tested with H 0 : σ 2 = 1 using either an asymptotic t-test or a likelihood-ratio test (LRT). The hypothesis that the data follow the NEGBIN I model of Cameron and Trivedi (1986) corresponds to the joint hypothesis H 0 : σ 2 > 1 , k = 0, which can be tested using a LRT. Their NEGBIN II model can be tested with H 0 : σ 2 > 1 , k = 1. One major gain of introducing the additional parameter k is that it allows us to discriminate between these two competing hypotheses, both of which have been separately assumed in the literature without the possibility to test the assumption in a parametric framework. The parameter estimatesβ will be identical to those obtained in the case in which a pre-test led to the right decision.
But still, only the GEC k provides (asymptotically) correct standard errors and thus allows for valid inference.
Applications
General Remarks
The performance of the GEC k is investigated with three applications to demographic data: fertility, divorce frequency and labor mobility. The data are taken from the Soziookonomisches Panel, a large West German micro data set of households. The relevant information for our purpose is completed fertility measured by the number of children ever born by a woman, the number of divorces and the number of jobs hold during the period 1974-1984. All three variables are nonnegative integers. As will be shown in our samples, the Poisson model is appropriate only in the case of divorce, whereas fertility exhibits underdispersion and labor mobility exhibits overdispersion.
Fertility
The economic theory of the family explains fertility by female wage and family income which are supposed to measure time costs of raising children and earnings potentials (Becker 1981 , Willis 1974 or by intergenerational taste formation with the standard of living that one is exposed to as an adolescent affecting one's adult preferences for children (Easterlin 1987) . In the neoclassical framework (Becker 1981 , Willis 1974 , female wage measures the opportunity costs of time, and an increase will result in a negative fertility effect as long as kids are sufficiently time-intensive. The income effect is more complicated:
the quantity-quality approach to fertility choice predicts that, with rising income, there is likely a substitution effect from quantity to quality of children. An increase of quality per child implies an (endogenous) increase of expenditures per child and this endogenous This approach is a theory of relative income since material aspirations based on parents income are compared with own consumption possibilities based on own potential income.
If this ratio increases, fertility declines. The two approaches are not necessarily competing but may jointly explain fertility. In a life-cycle approach, it is difficult to measure potential female life-time wage and potential income. We proxy the first by years of schooling of the woman and the second by the sum of years of schooling for both spouses.
Similarly, we measure the income potentials of the parents of both spouses. The parents' income potential divided by the family's income potential proxies relative income. We are, therefore, able to study the effects of both wife's and husband's material situation during adolescence on fertility.
For modeling fertility, we follow common practice in concentrating on women in stable marriages: the women in our sample are in their first marriage, are 40 to 65 years old and live with their husbands. Marriages started before 1950 are excluded to avoid war effects. The sample is heterogeneous with respect to age at marriage. Some women spent part or most of the biologically fecund period without being married. The resulting sample has 724 observations. The number of children varies from 0 to 10, the mean is 2.06, and the mode is 2.
The first explanatory variable is age at marriage which captures potential differences between pre-marital and marital fertility. We do not use an offset which would restrict the period-at-risk to the duration of the marriage, since pre-marital fertility cannot be excluded on a-priori grounds. The variable age (which is measured as age at interview) is included to allow for age-dependent preferences. Heterogeneous preferences due to cultural differences are measured by the husband's nationality (husband German). We further use four educational variables, the years of schooling (YS) of the woman, the YS of the family calculated as the sum of woman's and husband's YS, and the YS of the woman's and husband's parents relative to the YS of the family (relative YS of woman's parents, relative
YS of husband's parents).
Finally, we control for the situation during adolescence. We assume that there is an intact family for the women, if her parents were present in childhood, allowing for a separate effect, if the mother did work for both wife and husband (woman's/ husband's mother working). The type of community where the woman lived until age 15 was classified as urban, middle to small town (reference group) and rural (urban/rural).
Results are presented in Table 1 Our discussion of the regression effects will focus on the GEC k results. The time cost
effect of female education clearly shows up negatively, whereas the income effect is not significant. The relative income effect of husband's parents is significantly negative, which supports the endogenous taste formation hypothesis, whereas the corresponding variable for the woman is much smaller and not significant. Thus, endogeneous taste formation is channeled mainly via the family head. Both coefficients appear large as compared to the remaining regression coefficients. This is, however, a consequence of scaling since the other covariates are not measured as shares as well, but rather as level-and dummy variables.
All control variables for the family situation during adolescence for both spouses are insignificant. Both demographic variables, female age and female age at marriage, exhibit the expected sign and significance of their parameters. The higher the age at marriage is, the smaller is the fertile period within the marriage and the smaller is fertility.
The positive effect of age can be understood as a taste shifting mechanism, measuring unavailable determinants of long-run fertility decline. In summary, we find support for basic determinants of the economic theory of fertility as for pure demographic effects.
Divorce Frequencies
The economic theory of marriage (see Becker, Landes and Michael 1977 , Becker 1981 , and Peters 1986 For this investigation of divorce frequencies, we again restrict our attention to women, aged between 30 and 60, who have been married at least once. To obtain a homogenous sample, we chose German women who had their first marriage after 1950.
The sample includes 1502 observations. The minimum and modal values of the number of divorces are zero, the maximum is two and mean and variance are 0.13, indicating equidispersion at the marginal level. What was true in the fertility sample for the age at marriage, also applies here: we do not look at one cohort with respect to the time of first marriage, but allow it to range from 1950 to 1985, the time of the interview. Whereas in the former case, pre-marital fertility is possible, "pre-marital divorce", however, is not.
Therefore, the period at risk varies between observations. Under the Poisson assumption, the number of divorces will be proportional to the length of the time-interval. Using this proportionality assumption, we account for the varying period at risk by dividing λ through the time since first marriage: λ i = exp(x i β + log(duration)). In the terminology of generalized linear models, the term "log(duration)" is called an offset.
Certainly, significant cohort effects can be expected. They account for our inability to cover relevant macro determinants which form preferences of generations. The reference group here is the birth cohort 1925-1935, and we study the cohort 1946-1955 and the cohort 1936-1945 explicitly. Divorces should increase with age cohort. The variables for the family background are defined as in the fertility case. Intact family and rural residence until age 15, should have a negative effect on divorces, whereas urban residence until age 15 and mother working are expected to exhibit the opposite influence. Years of schooling indicates the earnings potential, and, therefore, the degree of independence which can be expected for the individual. Hence , there should be a positive influence on divorces.
However, our sample includes only women with at least one marriage, and there could be a sample selection problem caused by the fact that high divorce risks may result in a decision to stay single. The parents' years of schooling (YS) enter this time not relatively to the family because no husband can be identified by the nature of our problem, but as an absolute measure. Still, this variable can be given an endogenous taste formation interpretation (see Behrman and Taubman 1989, for instance) . Given the income potential of the individual, an increase in parents' income potential indicates a decrease in relative income of the individual, and hence an increase in the risk of divorces. Table 2 contains the corresponding estimates. Again, Poisson and GEC k are the chosen approaches. Here, no indication for over-or underdispersion can be found: parameters σ 2 and k are insignificant, and the LRT statistic between both models of 3.2 cannot reject the Poisson specification. Cohort effects are rather strong and support the view that older generations are less likely to separate. All taste variables have the expected signs, but only intact family and parents' years of schooling exhibit a significantly negative and positive effect. Years of schooling of the individual has the wrong sign but is insignificant, probably for sample selection reasons, because individuals with a high divorce risk do not marry at all.
Labor Mobility
Labor mobility here is concerned with the separation of employer and employee, and hence with a divorce issue again. As in the economics of the family, this can be modeled in the context of partnership choice. With time going on, new information about the value of the partnership as well as about its alternatives and the value of market opportunities may alter the evaluation and result in separations. The efficient turnover model of McLaughlin (1991) applies this model and predicts that individuals with better labor market opportunities are less likely to move and have lower labor mobility. The key interpretation of the approach is that all changes of matches are optimal, as otherwise the relevant market side could be bribed to stabilize the contract. This approach might not hold in all empirical applications, but it seems to be useful as a benchmark case.
In the labor mobility case, the sample consists of individuals, both male and female, that were employed at the moment of the interview in 1985. To ensure that the persons were part of the labor force during the period 1974-84, for which the number of job changes is counted, we exclude individuals whose age was less than 20 years in 1974 and more than 60 years in 1984. The resulting sample includes 3330 observations. The frequency of job changes varies from zero to 10, the mode is zero, and the mean is 0.7.
The choice of explanatory variables is based on the notion that labor mobility de-pends systematically on the "type" of individual as captured by individual characteristics.
These characteristics can be divided into professional and demographic ones. The demographic variables are age, age 2 , family and German. Family takes the value 0 if the person is and has always been single and 1, if she/he is or has been married, thus including divorced persons and widows/ers. German is 1, if the person has German nationality, and 0 otherwise. The risk associated to a job match increases with uncertainty about the productivity of the employee. The uncertainty is lower for Germans than for foreigners, since in general better information about the qualification of the former is available.
This predicts a lower rate of job changes for Germans. The same argument predicts that young people have a higher turnover rate than older ones, since the uncertainty decreases with time spent in the labor market. Also, a typical career pattern will involve more job changes in an earlier phase of the career. Further, due to legal regulations, it is more difficult to lay off older people. Once unemployed, older people are less likely to find a new job. Certainly, transaction costs are an important factor of labor mobility and we expect that being single lowers transaction costs and facilitates job changes.
The rest of the variables describe the professional situation. We control for the size of the firm the individual is currently associated with using the number of employees as a and dummy variables for the type of job (scientist or manager; office clerk or service job; primary sector job; manufacturing and transportation as reference group).
According to insider-outsider theories (Lindbeck and Snower 1988) We further allow for a gender specific effect (female) that has been shown to be of importance in previous studies of labor supply and which is due to different labor force participation patterns, because women tend to withdraw partly from the labor market due to family obligations. Finally, the variable years of education measures labor market opportunities, and according to the efficient turnover theory, it should have a negative effect on separations. Clearly, there are additional factors that may influence labor mobility. In cases, where the job change entails migration, issues like whether the partner is working or not and whether there are children present in the household may become important. Since the data do nor contain information on these variables, these effects cannot be integrated into the regression, but they rather constitute unobserved heterogeneity.
Results for the Poisson and GEC k models are contained in Table 3 . At first it has to be noticed that labor mobility as measured by the number of job changes exhibits overdispersion. σ 2 is significantly larger than 1. The rejection of the Poisson hypothesis is also clearly supported by the likelihood ratio test statistic. As a consequence of overdispersion, the t-ratios in the Poisson regression are upward-biased. The non-linearity parameter k is close to zero and the hypothesis that k = 1 can be rejected, while the hypothesis that k = 0 cannot be rejevted. If one had to choose between the NEGBIN I and the NEGBIN II, the former model is to be preferred.
Most results are in correspondence to the theoretical predictions. Singles are more mobile, though this effect is not significant. Females are less mobile due to family constraints. Surprisingly, labor mobility is first decreasing and then increasing with age.
From the status variables of the first job, worker and employee exhibit positive parameters indicating that they are more mobile than civil servants. Because of the internal labor market, firm size has a negative effect on labor mobility, and this coefficient is very significant. Also, pension claims have the expected effects on mobility. Union membership decreases job turnover significantly which, as the effect of firm size, partly supports the insider-outsider view, but is also consistent with the efficient turnover model of McLaughlin (1991) . The insignificant estimate of the earnings variable shows also broad consistency with the latter framework and supports a similar finding by McLaughlin (1991) for the U.S. A question of different kind is whether count data should be used at all to study the determinants of demographic processes. Demographers often prefer to capture the dynamic structure more directly by modelling the determinants of waiting times, rather than counts, making use of the econometric methodology of hazard rate models. However, the latter approach puts much more requirements on the data, which are often not met in practice. In particular, the timing of the events (i.e. the length of spells between events) has to be known, and not just the total length of exposure, as is the case for count data models. Thus, the count data approach and the hazard rate approach have to be seen as complements rather than substitutes.
Conclusions
We have studied the applicability of count data models to demographic data. We have argued that a rich class of econometric models is available. We further pointed out that the application of the simple Poisson model may lead to seriously biased asymptotic t-ratios, where the direction and the size of the bias depend on the nature of the deviation from the mean-variance equality. We, therefore, advise the use of a generalized event count model, which accounts for these deviations automatically. The model is applied to German data on fertility, divorces, and labor mobility. We find that fertility is underdispersed, while labor mobility exhibits overdispersion. Only in the case of divorce frequency, the Poisson model is appropriate. The empirical regression results are found to be broadly consistent with the theoretical predictions that are put forward by the literature on demographic processes. Coeff.=0, exception: σ 2 = 1 in parentheses. All coefficients except for the intercept are scaled by factor 10 −1 . 2 The restricted model contains an intercept only (Poisson), and intercept, σ 2 and k (GEC k ), respectively.
3 S = exp(ln L/n) gives the average probability that the model generates the data. 
